I. INTRODUCTION *
A multi-disciplinary approach to promote agricultural productivity and the water use efficiency is required to cope with climate change. In addition to affecting crop water supply and consumption, climate change will also affect crop yields. Agricultural production is vulnerable to the shifts in the rainfall, radiation and temperature patterns caused by climate change (Supit et al., 2012) . Quantifying and understanding the dynamics of the biomass produced per amount of water used at the crop level is essential for facing agro-economic and environmental challenges (Tallec et al., 2013) . Integrated assessments of interdisciplinary content that couple scientific and policy issues have been used to investigate the potential climate change and its impacts in strategic planning (Van Minnen et al., 2000) .
Estimates of the magnitude and vulnerability of irrigation water demand to climate change are further necessitated by the fact that demand for irrigation water is also increasing despite that most surface and groundwater water resources are presently fully exploited (Weatherhead and Knox, 2000) . It is widely accepted that irrigation demands vary from one location to another and moisture shortage sensitivity varies with the crop growth stage. Jang et al., (2007) observed that generally, water balance models are used to compute the irrigation water demand from observed climate data (evapotranspiration (ET) and effective rainfall) and farm management practices. To date, numerous studies have used the irrigation-decision support tool developed by the United Nations Food and Agriculture Organization (FAO) CropWat model (Chung, 2013; Chung and Nkomozepi, 2012) .
On the other hand, crop yield response to climate change can be assessed using simple regression approaches. However, the application of more complex process-based crop simulation models is justified by their additional capacity to analyze the dynamic interactions between environment, genotype and management factors (Angulo et al., 2013) . Crop models are able to simulate measured grain yield and other factors with accuracy under diverse environments if input information is sufficient (Asseng et al., 2013) .
Rice yields have significantly increased over the last century as a result of better management of pests and diseases, genetic improvement and higher applications of fertilizer (Semenov et al., 2012) . In the Republic of Korea (Korea hereafter), the average ambient temperature and rainfall increased by 1.5 ℃ and 10 %, respectively, between 1904 and 2000 (Yoo et al., 2013) . In the event of accelerated increase in temperature caused by climate change, the rates of grain filling and leaf senescence will increase while the durations of grain filling and leaf senescence will decrease, thereby decreasing yields (Kim et al., 2011) . Simultaneously, the increase in the ambient temperature will exacerbate crop water demand and moisture losses associated with water storage and conveyance (Mehta et al., 2013 ). Chung 
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) is daily global solar radiation, 1-e -kLAI is the fraction of photosynthetically active radiation ) is actual PAR use efficiency calculated as shown below (eq. 2):
where RUEmax (kg MJ where T (℃) is the mean daily air temperature, Tc (℃) is the ceiling air temperature at which crop growth ceases, T o (℃) is the optimal air temperature at which the maximum rate of development occurs, Tb (℃) is the base air temperature for crop growth, C is a shape factor set equal to 1. 
Crop model Sensitivity analysis
To illustrate the possible changes in the rice yield and NIR, their sensitivity to a combination of changes in rainfall and temperature were computed and illustrated by response surface diagrams. Values of the baseline rainfall were multiplied by factors of 0.5 to 1.5 in increments of 0.25 while -2 ℃ to 7 ℃ were added to the baseline temperature in increments of 0.5 ℃.
Net irrigation water requirement (NIR)
Crop water demand consists of (1) a land preparation demand of 140 mm, (2) nursery or seedbed demand and (3) a water requirement to maintain an inundated soil environment in a paddy field after transplanting (Guerra et al., 1998) . The water requirement after transplanting can be estimated by multiplying the reference evapotranspiration (ET o ) and the crop coefficient (Kc). ETo is based on the atmospheric water demand and the crop and soil surface characteristics and was estimated using a modified Microsoft Excel spreadsheet for computing the reference evapotranspiration (ETo) by using the FAO Penman-Monteith equation (Lupia, 2013) . Kc refers to the ratio of the actual ET to the ET o and it is determined by the climate, crop's conditions and the cultivation practices (Djaman and Irmak, 2013) . The difference between the water demand and effective rainfall represents the net irrigation requirement (NIR). Effective rainfall upper limit was estimated using a method for paddy rice based on daily readings (Dastane, 1978) . In this method, 80 % of the daily rainfall is considered effective if it is more than half of the daily reference evapotranspiration (ETo) and daily rainfall of less than half of the ET o is disregarded.
Trend and uncertainty analysis
The impact of climate change on the temperature, rainfall, Despite that it is not the thrust of this study; Fig. 3 (a) and (b) show that the results will possess some uncertainty that can be attributed to natural climatic variability.
Variability of the parameter values during the baseline

Crop model sensitivity analysis
The response surface diagrams presented in Fig. 4 demonstrate the sensitivity of the paddy rice net irrigation water requirement (mm) and potential yield (t ha rice yields will decrease in the future. Masutomi et al. (2009) also found that the higher greenhouse gas concentration projectiles showed larger decreases in yield in spite of the CO2 fertilization effect and suggested immediate climate change adaptive and mitigation strategies. The decrease in yield was attributed to shortening of the growing season (SGS) and decreasing harvesting index in the future. The decreases in the yield are higher in the RCP8.5 than for the RCP4.5. The changes in yield ranged from 0.93～1.08, 0.87 ～1.07 and 0.69～1.07 for RCP2.6, RCP4.5 and RCP8.5, respectively. Similarly, the variability (uncertainty) in the simulated yield increases in the future and with the RCPs. The interquartile range ranged from 0.02～0.07, 0.01～0.12 and 0.01～0.23 for RCP2.6, RCP4.5 and RCP8.5, respectively. Although the differences across the provinces appear small in relative values presented in Fig. 5 , the absolute difference of yields between the provinces is large. Overall, the rice yields in Jeonbuk will be most affected while the yield Gyeongnam and Chungnam will be least affected. There is significantly higher changes and uncertainty (range and interquartile range) for the NIR than for the yield.
Paddy rice yield
Net irrigation water requirement
Finally, Table 3 shows the irrigation water use efficiency (IWUE) (kg ha -1 mm RCP8.5, the IWUE generally decreases in the future with the highest decreases in the RCP8. 
